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We investigate the strength and direction of information flow between exchange rates and
stock prices in several emerging countries by the novel concept of effective transfer
entropy (an alternative non-linear causality measure) with symbolic encoding methodol-
ogy. Analysis shows that before the 2008 crisis, only low level interaction exists between
these two variables and exchange rates dominate stock prices in general. During crisis,
strong bidirectional interaction arises. In the post-crisis period, the strong interaction con-
tinues to exist and in general stock prices dominate exchange rates.
 2014 Elsevier Ltd. All rights reserved.1. Introduction
In recent years, emerging economies have been of vital
importance to global investment community for many
reasons such as the expectation about their increasing
dominance in the international arena and the dramatic
changes in the capital flows to their markets. Due to these
dramatic changes, financial crises stemming from sudden
and unexpected oscillation in stock markets and exchange
rates have become a common phenomenon in these econ-
omies. This realization makes it essential to investigate therelationship between these two markets in emerging
countries.1
The theory on the dependency between exchange rates
and stock markets is categorized into three main models:
According to flow-oriented approach, exchange rate move-
ments affect international economic activities, thereby
influence real economic variables, hence affect costs of a
company with considerable exports/imports resulting with
an impact on the company’s stock price. Stock-oriented
approach states that foreign investors are attracted by a
persistent increase (decrease) in stock prices leading to
capital inflows (outflows) resulting in an appreciation
(depreciation) of the local currency. Finally, asset-market
approach states that exchange rate is treated like an asset;
it’s value is determined by the expected future exchange
rates and information that affects future value of exchange
rate may differ from the ones that cause changes in stock
prices.
As it can be anticipated, there is not a common view
about the interaction between these two markets.ent than
5 The conditional probabilities in Eq. (4) are estimated over given past
empirical data; in particular; by counting the number of desired events and
dividing by to total number of events. The estimates on conditional
probability performed in such a way are accurate representatives of the
true probabilities of a certain state occurring at time t þ 1 given the history
up to time t, if the history is long enough. To show this, we run a little and
simple simulation: We generate 200 binary random variables (heads-H or
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for investment and risk management issues, but also for
the economic and financial stability.
Early researches approached to the interaction of these
two markets by using methods of linear [2] or non-linear
Granger [3] causality2 and vector error correction3 frame-
work. In this paper an alternative methodology using infor-
mation theoretical concept, transfer entropy (TE) [10], is
applied to analyze the information flow between stock mar-
kets and exchange rates in emerging countries. Previous
implementation of TE in financial literature usually focused
on the interaction between individual stocks or between
international stock markets [8,7,6,5,4]. As far as we know,
this is one of the only two studies using TE to analyze the
exchange rate and stock market interaction (for the other,
see [9]). Furthermore, it analyses the effects of the 2008 glo-
bal financial crisis on this interaction which has not been
studied in detail yet. Our findings have important implica-
tions which is discussed in detail in the last section.
The rest of the paper is organized as follows: Section 2
explains the methodology used in this study. Section 3
presents the data and the results of our analysis. Finally,
Section 4 includes some discussion and offers a brief
conclusion.
2. Methodology
The following explains the TE and how we apply it to
financial time series. The behavior of a system X can be char-
acterized by looking at the set of states the system visits as it
evolves in time. We can express the expectation to find the
system in state x in terms of the probability pðxÞ that it can
be found in that state by sðxÞ ¼  log pðxÞ. Averaging this
quantity over all possible states x gives a measure of uncer-
tainty of the system: HðXÞ ¼ 
P
x2XpðxÞ log pðxÞ:HðXÞ is
called the [12] entropy and the largest amount of uncer-
tainty is observed if all possible values of X are equally
likely.4 If the system states can be described by two subsys-





y2Y pðx; yÞ log pðx; yÞ to describe the state of the sys-
tem. If two systems are interacting with each other and we
know the outcome of one of them then it may decrease the











pðx; yÞ log pðx; yÞ
pðyÞ ð1Þ
where HðXjYÞ is called the conditional entropy that is
the uncertainty of X such that Y is known i.e.
HðXjYÞ ¼ HðX;YÞ  HðYÞ. Another necessary concept to be
defined is the mutual information (MI): MI of two systems
X and Y is a quantity that measures the mutual dependence
between them and defined as2 However the conclusions of these methods are limited to the mere
existence of information flows rather than their quantification.
3 Requires co-integrated series but due to market imperfections it is not
always satisfied.
4 Note that changing the base of the logarithm changes only the units in
which entropy is measured, from now on we take log base as 2.MIðX; YÞ ¼ 
X
x;y
pðx; yÞ log pðx; yÞ
pðxÞpðyÞ ð2Þ
Note that, MIðX; YÞ ¼ HðXÞ  HðXjYÞ and MIðX; YÞ ¼
MIðY; XÞ ¼ HðXÞ þ HðYÞ  HðX; YÞ. If you know something
about the subsystem X, the MI describes how much informa-
tion you also possess about Y, and vice versa. While MI is an
important quantity in identifying relationships between
subsystems, its symmetry property prevents it providing
information regarding the causality of their interactions.
Recently, [10] introduced an asymmetric innovative infor-
mation-theoretic quantity TE to overcome this problem.
Assume that Xi and Yi are discrete random variables.
Define the following random variables of length k and l
as XðkÞi ¼ ðXi;Xi1; . . . ;Xikþ1Þ and Y
ðlÞ
i ¼ ðYi;Yi1; . . . ;Yilþ1Þ
then the transition probabilities can be defined as follows;













where xðkÞi ¼ ðxi; xi1; . . . ; xikþ1Þ and y
ðlÞ
i ¼ ðyi; yi1; . . . ; yilþ1Þ
are the states of XðkÞi and Y
ðlÞ
i respectively. Eq. (3) denotes
the probability of finding Xiþ1 in the state xiþ1, when X
ðkÞ
i




i respectively. If the
future state xiþ1 of Xi depends on the k-past states x
ðkÞ
i
and the l-past states yðlÞi , then it can be quantified by TE
which is obtained by comparing two conditional entropies;
TEY!Xðk; lÞ ¼ H Xiþ1jXðkÞi
 



















so the transfer entropy TEY!X is the information about





information retrieved from only XðkÞi .
5
We choose the block lengths k and l based on MI between
the time series X and its own series with delay k following
the suggestion of [1]: as the time delay k is increased, the
value k that produces the first local minimum of that MI
can be used. Then the choice for l is usually l ¼ k.
TE estimates derived in Eq. (4) are likely to be biased
due to finite sample effects. To reduce the bias, we use
the effective transfer entropy (ETE),






where for all i, the Y ðiÞ is a shuffled series of Y.6tails-T). The outcome of 199 consecutive pairs is as follows: HH = 47,
HT = 55, TH = 56 and TT = 41. If we generate 1000 binary random variables,
the outcome structure is HH = 249, HT = 256, TH = 255 and TT = 239.
6 We use the iterated amplitude adjusted Fourier transform technique
[13] to shuffle the series Y. The surrogate data sequence generated this way
has the same mean, the same variance, the same autocorrelation function,
and therefore the same power spectrum as the original sequence Y, but
(non-linear) phase relations are destroyed.
Table 1
Effective transfer entropies between (symbolic) stock market index and (symbolic) exchange rate series in each period.
Pre-crisis Crisis Post-crisis
Index ! Curr. Curr. ! Index Index ! Curr. Curr. ! Index Index ! Curr. Curr. ! Index
Brazil 0.004 0.006 0.067⁄⁄⁄ 0.011⁄ 0.021⁄ 0.014⁄
Chile 0.011⁄⁄ 0.032⁄⁄ 0.018⁄⁄ 0.005 0.018⁄ 0.001
Czech Republic 0.023⁄⁄ 0.008 0.016⁄⁄ 0.027⁄⁄⁄ 0.023⁄⁄⁄ 0.014⁄⁄⁄
South Korea 0.002 0.004 0.007 0.021⁄⁄⁄ 0.019⁄⁄ 0.003
Mexico 0.002 0.003 0.002 0.109⁄⁄⁄ 0.031⁄⁄⁄ 0.009
Philippines 0.01 0.003 0.017⁄⁄ 0.000 0.005 0.044⁄⁄⁄
Poland 0.009 0.002 0.048⁄⁄ 0.05⁄⁄⁄ 0.007⁄⁄ 0.016⁄⁄
South Africa 0.008 0.002 0.008 0.023⁄⁄⁄ 0.002 0.002
Turkey 0.024⁄⁄ 0.041⁄⁄⁄ 0.032⁄⁄ 0.021⁄⁄⁄ 0.003 0.023⁄⁄⁄
Note: ⁄, ⁄⁄ and ⁄⁄⁄ indicate significance at the %10, 5% and 1% significance level (obtained from surrogate data).
Table 2
Net information flow between stock markets and exchange rates.
Pre-crisis Crisis Post-crisis
Brazil 0.0097 0.0565 0.007
Chile 0.0212 0.0134 0.0187
Czech Republic 0.0154 0.0115 0.0083
South Korea 0.0062 0.0135 0.0213
Mexico 0.0047 0.1097 0.0228
Philippines 0.0067 0.0169 0.0394
Poland 0.0075 0.0013 0.0087
South Africa 0.009 0.0306 0.0001
Turkey 0.0172 0.0108 0.0207
Note: Bold (unbold) values denote the net information flow from
exchange rates (stock markets) to stock markets (exchange rates).
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To have a common ground, we consider all emerging
countries implementing inflation targeting as monetary
policy and having free-float currencies during the time per-
iod of our study, namely; Brazil, Chile, Czech Republic,
South Korea, Mexico, Philippines, Poland, South Africa,
and Turkey. The aim is to analyze the information flow
between exchange rates and stock markets in each of these
countries, thus for every country, the daily log-returns of
benchmark stock market indexes and exchange rates vis-
a-vis US dollar are considered (tickers of the benchmark
indexes and the optimal delays are presented in Table
A.1 in the A). Analysis takes place between 2005 and
2012 and time interval is divided into three periods as
pre-crisis (January 2005 to July 2007), crisis (August 2007
to March 2009) and post-crisis (April 2009 to September
2012).7 For synchronization of the data, we consider the
days when both stock and foreign exchange markets operate
in the relevant country.
To analyze the information flow with ETE, we use the
symbolic encoding method: in each period, for each return
series rt , we construct the corresponding symbolic return
series st as st ¼ þ1 if rt belongs to highest 5% of returns,
st ¼ 1 if rt belongs to lowest 5% of returns and st ¼ 0
otherwise. Thus in a symbolic time series, the extreme
positive and negative returns are denoted by þ1 and
1 respectively. The intermediate bin is kept large to
focus on extreme events, which enables us to isolate7 There is not a clear consensus about the start and end date of the crisis
period. In our case, we take the starting date as August 9, 2007. On this
date, the seizure in the banking system precipitated by BNP Paribas
announcing that it was ceasing activity in three hedge funds that
specialized in US mortgage debt. This was the moment it became clear
that there were tens of trillions of dollars worth of dodgy derivatives
swilling round which were worth a lot less than the bankers had previously
imagined. For the end date of the crisis period, we take April 2, 2009. At the
London G20 summit on this date, world leaders committed themselves to a
$5tn fiscal expansion, an extra $1.1tn of resources to help the International
Monetary Fund and other global institutions boost jobs and growth, and to
reform of the banks. From this point, the global economy was on the turn.
For more on the subject, see http://www.theguardian.com/business/2011/
aug/07/global-financial-crisis-key-stages.the effect of true information from the ‘‘normal’’ pattern
of returns.8
In each period, for each symbolic return series, we cre-
ated M ¼ 1000 surrogate data to estimate the ETE and the
relevant results are given in Tables 1 and 2.
Table A.2 shows how using symbolic encoding parti-
tions the data. As we see that the %5 upper and lower
threshold levels approximately correspond to the same
standard deviations of the data in each period for each
country. However, the effect of the crisis is observed on
the minimum and maximum returns levels in terms of
standard deviations. During the crisis period, standard
deviations corresponding the minimum return levels sig-
nificantly increases whereas the deviations corresponding
to the maximum return levels drop significantly.
Table A.1 presents the optimal delay for each symbolic
return series in each period and it reveals different patterns
between countries. For example, for Latin American
countries (Brazil, Chile and Mexico), optimal delay k for
exchange rate series significantly increases in the post-
crisis period compared the pre-crisis era. This may be an
evidence for the increased long memory in these financial
time series which is likely to decrease the efficiency for
these markets. On the other hand, we can not conclude a
similar result for the stock markets. On the contrary, there
are tendencies towards lower optimal k values in general8 Table A.2 shows 5% of extreme returns (when transforming to the
symbolic encoding) correspond to how many standard deviations. Quali-
tative results do not change when we take 10% as a cut-off point, however
significance starts to decrease.
Fig. 1. Flow diagram of the effective transfer entropies between stock prices and exchange rates of each country. Flow is only from rows to columns. The
focus is the interaction within a country therefore cross-country estimations are not performed.
A. Sensoy et al. / Chaos, Solitons & Fractals 68 (2014) 180–185 183if there is not a change. Such a situation may be an evidence
for the recovery of emerging stock markets in terms of
improved efficiency after the crisis.9
In the pre-crisis period, in 6/9 countries, there is no sig-
nificant information flow between exchange rates and
stock markets in any direction (see Table 1) i.e. the9 For a study supporting these arguments, see [11].interaction between these two markets is only at low level.
Regarding the remaining 3 countries, information flow is
significant in both ways in Chile and Turkey. In Czech
Republic, significance is only from stock market to
exchange rate. Moreover, only in 3/9 countries, the net
information flow is from stock prices to exchange rates
(see Table 2) which shows that exchange rates dominates
stock prices in general.
Table A.1
Optimal delay k for each symbolic currency and benchmark index return
series (k is the value that produces the first local minimum of the MI for the





USDBRL (Brazil - exchange rate) 1 2 3
IBOV (Brazil - stock market) 1 1 2
USDCLP (Chile - exchange rate) 1 1 3
IPSA (Chile - stock market) 4 1 1
USDCZK (Czech Republic - exchange rate) 2 1 2
PX (Czech Republic - stock market) 4 1 1
USDKRW (South Korea - exchange rate) 3 3 2
KOSPI (South Korea - stock market) 1 1 1
USDMXN (Mexico - exchange rate) 1 1 3
MEXBOL (Mexico - stock market) 1 3 1
USDPHP (Philippines - exchange rate) 3 1 1
PCOMP (Philippines - stock market) 1 1 3
USDPLN (Poland - exchange rate) 3 3 1
WIG (Poland - stock market) 1 2 2
USDZAR (South Africa - exchange rate) 1 1 1
JALSH (South Africa - stock market) 1 1 1
USDTRY (Turkey - exchange rate) 2 2 1
XU100 (Turkey - stock market) 2 1 1
10 The assumption of foreign investors is based on the fact that stock
market investments do not constitute a very significant portion of total
household savings compared to other form of financial assets in most of the
analyzed countries.
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in 7/9 countries, the information flow is significant in
both ways i.e. the link between the two markets gets
really strong during the crisis period (see Table 1). Only
in Chile and Philippines, the information flow is signifi-
cant in one direction and it is from stock market to
exchange rates. Moreover, in 4/9 countries, the net infor-
mation flow is from stock market to exchange rates, i.e.
the effect of the financial crisis starts to show itself, the
dominance of exchange rates and stock prices are almost
symmetric.
In the post-crisis period, in all countries except South
Africa, there exists at least unidirectional significant infor-
mation flow. In 6/9 countries, the information flow from
stock prices to exchange rates is significant and similarly,
in 5/9 countries, the information flow from exchange rates
to stock prices is significant. This picture implies that dur-
ing in post-crisis period, the strong information link
between these two markets continues to exist. Further-
more, in 6/9 countries, the net information flow is from
stock markets to exchange rates (see Table 2), i.e. after
the crisis, in general stock prices start to dominate
exchange rates.
Fig. 1 displays the effective transfer entropies between
the stock prices and exchange rates in each country and
the aforementioned results are visually displayed here.
Accordingly, the information flow is weak in the pre-crisis
period. However, the crisis period significantly increases
the interaction between these two variables (see the scale
of the color-bar in crisis period); and the strong interaction
continues after the crisis.
The overall results in Table 2 and Fig. 1 quantitatively
and visually validate the increased integration between
both markets in the emerging countries recently. More-
over, they confirm the expected asymmetry in the infor-
mation flow between the stock prices and exchange
rates in the post-crisis period: After the global financial
crisis of 2008, the main indicator of the general mood
of the financial markets have become stock markets all
around the world. Therefore, views towards the economy
are expected to be reflected initially in the stock market
after the crisis, which is quantitatively shown in our
analysis.
4. Discussion and conclusion
This paper uses the concept of transfer entropy to
examine the information flow between exchange rates
and stock markets in all emerging countries implementing
inflation targeting and having floating currencies. The main
advantages of the methodology are its easy implementa-
tion-interpretation by non-parametricity and ability to
capture the non-linear dynamics. In the case where bidi-
rectional significant information flow exist, it helps us to
see the direction of the net flow. We believe this method-
ology constitutes a nice and promising alternative to the
standard measures.
Although there exists some exceptions, the general con-
clusion is that exchange rates and stock markets interact
only at low level in the pre-2008 global financial crisis per-
iod and in general the first dominates the latter. During thecrisis, the interaction between these two variables gets
significantly strong in bidirectional ways in almost all
countries. Interestingly, the aftermath of the crisis suggests
qualitative changes: to the contrary of the pre-crisis per-
iod, the strong interaction between exchange rates and
stock markets (appeared during the crisis) resists to con-
tinue and in general stock prices dominate exchange rates.
This situation reveals a fact that is crucial for both inves-
tors and policy makers: After the crisis, there is a strong
feedback in both ways thus using information on one mar-
ket may help to forecast the behavior of the other. Also,
information between markets is transmitted quickly and
policy intervention may become more effective in the
desired direction within reasonable time horizon. More-
over in emerging countries, expectations towards the
economy are reflected initially in the stock market after
the crisis. We interpret this situation as the investors
heightened sensitivity to stock markets after the
catastrophic results of the crisis; in particular foreign10
investors in emerging countries primarily adjust their gen-
eral portfolio positions according to stock markets’
movements.Acknowledgments
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Tables A.1 and A.2.
Table A.2
Standard deviations corresponding to symbolic encoding of extreme returns.
Pre-crisis Crisis Post-crisis
%5 %5 %5 %5 %5 %5
Min Lowest Highest Max Min Lowest Highest Max Min Lowest Highest Max
Brazil FX 3.71 1.54 1.66 4.68 4.69 1.53 1.65 3.96 3.97 1.52 1.64 5.11
Brazil SM 4.45 1.68 1.65 3.14 4.20 1.60 1.45 4.74 5.63 1.58 1.60 4.26
Chile FX 3.98 1.61 1.71 3.28 3.61 1.49 1.77 4.53 3.53 1.59 1.62 6.87
Chile SM 6.02 1.44 1.62 3.50 3.84 1.64 1.35 7.29 7.08 1.45 1.52 5.59
Czech Rep. FX 4.11 1.70 1.67 3.51 6.14 1.33 1.74 3.31 3.86 1.61 1.75 3.44
Czech Rep. SM 5.42 1.59 1.48 6.23 6.35 1.64 1.20 4.85 4.46 1.47 1.47 5.02
S. Korea FX 6.24 1.60 1.49 3.89 9.00 1.52 1.57 6.98 6.26 1.49 1.60 4.25
S. Korea SM 3.28 1.89 1.68 3.22 4.93 1.76 1.42 4.98 5.01 1.73 1.53 3.82
Mexico FX 5.14 1.48 1.73 4.35 6.35 1.20 1.57 6.71 5.26 1.57 1.59 6.08
Mexico SM 4.81 1.56 1.57 5.24 3.47 1.85 1.43 4.99 5.37 1.65 1.65 5.47
Philippines FX 3.54 1.66 1.55 4.03 3.53 1.68 1.60 2.24 3.15 1.54 1.73 3.37
Philippines SM 6.53 1.39 1.63 3.72 6.60 1.75 1.33 4.72 4.67 1.53 1.63 4.42
Poland FX 3.95 1.58 1.61 4.53 4.83 1.46 1.69 3.81 3.28 1.50 1.65 4.09
Poland SM 4.80 1.65 1.69 3.55 4.45 1.77 1.49 3.26 4.77 1.59 1.64 4.43
S. Africa FX 2.92 1.50 1.86 3.48 3.89 1.31 1.50 9.09 4.04 1.55 1.66 6.16
S. Africa SM 6.01 1.47 1.43 4.41 3.71 1.64 1.50 3.35 3.35 1.64 1.65 3.84
Turkey FX 4.01 1.33 1.71 5.65 4.51 1.28 1.69 5.40 3.46 1.52 1.67 4.94
Turkey SM 5.20 1.72 1.53 3.06 3.66 1.67 1.46 4.93 4.80 1.58 1.63 4.51
Note: FX and SM stand for exchange rate and the stock market respectively.
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